ABSTRACT Wireless body area networks (WBANs) are essential for monitoring physiological signals of the human body, but the lifetime of WBANs is limited by battery longevity and it is not convenient or feasible for replacing the batteries of the sensors. The newly emerged energy-harvesting technology provides the potential to break the battery limitation of WBANs. However, the radio resource of a WBAN should be carefully scheduled for the wireless power transfer links and wireless information transmission links; otherwise, severely unfair resource allocation could be incurred due to the difference of channel qualities of the sensors. In this paper, we propose a marginal utility theoretic method to allocate the radio resource to the on-/in-body sensors in a fair and efficient manner. Especially, we consider that the sensors are wireless powered by multiple pre-installed radio-frequency energy sources. First, the utility function for a sensor node is proposed, which can map the achievable throughput to a satisfaction level of network QoS. Then, the fairness resource allocation among the sensor nodes is modeled as a sum-utility maximization problem. By using the dual decomposition method, the optimal solution to the proposed problem can finally be solved in the closed form. In comparison with the sum-throughput maximization and common-throughput maximization methods, the simulation results show that the proposed sum-utility maximization method can bring a fair throughput allocation for the sensors with different channel conditions, and the performance loss to the sum-throughput maximization method is small, while the sum-throughput maximization method is extremely unfair.
I. INTRODUCTION
Wireless body area networks (WBANs) consist of a large amount of in/on body sensor nodes. These lower power sensor nodes can continuously monitor vital physiological signals of human body and transmit the sensory data to the remote server [1] . The applications of WBANs include medical care, consumer electronics and personal entertainment etc.
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In conventional WBANs [2] , the sensor nodes are powered by batteries. Once batteries are exhausted, the monitoring has to be ceased, thus, results in life-threatening situations for patients. Reliable communication, high energy efficiency and long lifetime are the most important techniques required by battery powered WBANs. In order to improve the energy efficiency for WBANs, the authors in [3] proposed several energy efficient routing protocols. In [4] , a discretetime Markov chain based analytical model was proposed to evaluate the performance of contention based media access control (MAC) protocols. Liu et al. [5] proposed a transmission rate allocation policy to efficiently adjust the transmission rate at each sensor node considering the packet loss rate requirement. Despite the technological advances, the lifetime of WBANs is still limited by the battery longevity. Besides, regularly replacing batteries of sensor nodes is inconvenient or even infeasible for WBANs.
Recently, a newly emerged energy harvesting (EH) technology provides a potential to break the battery limitation of wireless sensor networks (WSNs) [6] . Without this technology, WSNs can only obtain limited improvement in lifetime through energy saving schemes as in [7] . Whereas, by using the EH technology, sensor nodes can harvest energy from mechanical, thermal, solar or radio frequency (RF) energy sources [8] . In [9] , a novel transmission power control scheme was designed to extend the lifetime of wind powered WSNs by jointly considering the remaining energy level of a node and the EH status. In [10] , an optimal energy management policy for solar powered WSNs was proposed which relies on a sleep and wakeup strategy for energy conservation. However, wind and solar can only provide unstable energy resource. In contrast, harvesting energy from dedicated or intended RF energy sources can provide a stable and uninterrupted energy replenishment service. In the research area of wireless RF energy powered networks, for maximizing the secondary network throughput, Lee et al. [11] considered a stochastic-geometry model for a cognitive radio network where primary transmitters transfer RF energy to secondary transmitters. Zeng et al. [12] proposed two protocols to maximize the information throughput of a wireless powered cellular network in which a bidirectional relay can forward RF energy to the AP and forward information to the user nodes. In addition, the design guidelines for RF energy harvesting circuits and the choice of textile materials for wearable antennas were briefly reviewed in [13] .
In wireless powered networks, due to the discrepancy of the amounts of harvested energy, the nodes achieve different throughput. This results in fairness problem in radio resource allocation. It is worth noting that there has been a great number of papers studying the fairness problem in wireless networks, see [14] - [17] . Similarly, in wireless powered networks, how to allocate the radio resource (e.g., time and frequency) to multiple sensor nodes in a fair and efficient manner is also an important issue to be addressed. In order to improve the energy efficiency of wireless powered networks, Ju and Zhang [18] studied the problem of maximizing the sum-throughput of all user nodes by jointly optimizing the time allocation for the WPT and WIT links. However, the sum-throughput maximization method always leads to severely unfair throughput allocation among the user nodes. To tackle this unfairness problem, Ju and Zhang [18] proposed a common-throughput maximization method, in which all user nodes are allocated with the same throughput. In addition, Kwan and Fapojuwo [19] proposed a common-energy maximization method, which can instruct the RF sources to allocate all user nodes with the equal amount of energy in the WPT phase. It is worth noting that the unfairness problem is caused substantially by the difference of the channel qualities of user nodes. In WBANs, sensor nodes are implanted in/on human body, thus the body shadowing should be specially considered, which may generate great difference in channel qualities for the sensor nodes.
The fair resource allocation methods proposed in [18] and [19] achieve the per-user fairness but sacrifice the efficiency of the user nodes with better channels. In order to make up this shortcoming, this paper tackles the unfair and inefficient resource allocation problem for wireless powered WBANs in a joint manner. In addition, we also note that Ju and Zhang [18] only considered the network scenario with one dedicated RF source, however, one RF source with low RF radiation power (for protecting people from excess radiation) cannot provide enough energy for all the sensor nodes. Hence, in this paper, the more general network scenario where multiple lower power RF sources are deployed to power multiple sensor nodes is considered. To achieve the above two goals, we first model the fair and efficient resource allocation among the sensor nodes as a sum-utility maximization problem. Then, we solve the optimization problem by using standard convex optimization methods. Finally, we provide simulation to demonstrate that the throughput allocation is fair and efficient in that the fairness performance loss of the sum-utility maximization method to the common-throughput method is small while the sum-throughput performance is greater than that of the common-throughput method. The major contributions of this paper are as follows:
1) With the WPT and WIT protocol for multiple power sources and sensor nodes, we first design a utility function for each sensor node to map the throughput achieved by the node to a QoS satisfaction level. 2) For maximizing the sum-utility of all the sensor nodes, we formulate the WPT and WIT problem in WBAN as an optimization problem in the context of multiple RF sources. 3) Based on the time division multiplexing (TDM) and time division multiple access (TDMA), we jointly optimize the resource allocated to WPT and WIT from the formulated optimization problem in close form by dual decomposition method. The rest of this paper is organized as follows. Section II presents the wireless powered body area network (WP-BAN) model. Section III first elaborates the fundamental of the marginal utility theory, and then formulates radio resource allocation as a sum-utility optimization problem. The simulation results are presented in Section IV. Finally, Section V concludes this paper.
II. SYSTEM MODE
The considered system model of a WP-BAN is shown in Fig. 1 . There is a patient in a hospital ward, and a group of M sensor nodes is implanted on/in the patient body for sensing vital personal medical information, such as body temperature, blood pressure, heart rate, etc. In addition, the patient also carries a handset in order to access the Internet using Wi-Fi or LTE/LTE-A specification. It is assumed that the handset is battery powered, but the sensor nodes are batteryless, nonetheless, can harvest the RF energy radiated by RF sources. To power the on/in body sensor nodes, N RF sources are installed around the ward. The handset is responsible for collecting the sensory data and channel state information (CSI) of the WPT links transmitted by the sensor nodes, and, thereafter, forwards the WPT links information as well as the WIT links information to the Wi-Fi access point (AP) which is connected with the healthcare system database. Besides, the AP also operates as a centralized resource manager, which first gathers the knowledge of CSI of the network and then allocates different radio resource to the RF sources and the sensor nodes. All the CSI and resource allocation information are transmitted through dedicated feedback channel.
As we mentioned before, the unfairness problem is triggered by the difference of channel quality. Furthermore, channel model is indicated by channel coefficient, so the channel coefficient is the basis of this paper. Therefore, we first depict the channel model and the channel coefficient of this system in the following.
The channel model in this paper is composed of large-scale path loss and small-scale fading. In detail, the large-scale path loss consists of path loss and body shadowing loss, and smallscale fading is modeled as Rayleigh fading with unit mean. All these components of channel model can be expressed by channel coefficient in a mathematic way. Thus, we then give the channel coefficient of this model in the following.
Since path loss can be calculated by log-distance model with path loss exponent δ [20] , and, according to [19] , the channel coefficient from the nth RF source to the mth sensor node can be expressed as
where PL (d 0 ) (in dB) is the path loss at the reference distance, ψ n,m (in dB) is the body shadowing loss margin between the nth RF source and the mth sensor node, ξ n,m is the small-scale fading power gain between the nth RF source and themth sensor node.
To simplify the analysis, we assume that the radio resource is always sufficient in the Wi-Fi uplink (from the handset to the AP). This paper can thus concentrate on the resource allocation for the WPT links (from the RF sources to the sensor nodes) and the WIT links (from the senor nodes to the handset), as shown in Fig. 1 . In order to save spectrum, we assume that the WPT links and the WIT links operate in the same frequency-band of the 2.4GHz ISM spectrum [21] , and TDM technology is employed to prevent their mutual interference. As the slotted system model is adopted, the duration of a time slot is denoted by T , and the system bandwidth is denoted by w, as shown in Fig. 2 . Through TDMA technology, the time slot can be divided by the AP into M + 1 non-overlapped intervals for the RF sources and the sensor nodes. By assuming perfect time synchronization for the WPT and WIT links, the first t 0 (0 < t 0 < T ) of each time slot is allocated by to the RF sources to simultaneously broadcast energy to the sensor nodes, while the remain in the same time slot can be allocated to the sensor nodes to transmit their information independently to the handset. Denote the transmission time allocated to the mth sensor node in a time slot by t m (0 ≤ t m < T ). Then we have
As in [18] and [19] , it is assumed that the harvest-thentransmit protocol is adopted by all the sensor nodes for WPT and WIT. We consider a quasi-static flat-fading channel model for all the WPT and WIT links, which means that the channel for each link remains constant in one time slot, but can change in the next. Base on the above analysis, the network operation of the WP-BAN is implemented by the following two phases.
Phase 1: In the WPT phase, due to the RF energy broadcasting of the nth RF source, the amount of the energy harvested by themth sensor node can be expressed as
where P n is the transmission power at the nth RF source, h n,m is the channel coefficient from nth RF source to themth sensor node, and ζ m (0 < ζ m < 1) is the energy harvesting efficiency at themth sensor node. It is noted that the amount of the energy harvested by a sensor node from multiple RF sources is additive [22] . Thus, the amount of the energy harvested by themth sensor node from all the N RF sources can be expressed as
Phase 2: The energy of the sensor nodes are replenished in the WPT phase. Then, in the subsequent WIT phase, they can transmit their information to the handset independently in the allocated time intervals. As in [18] , we suppose that themth sensor node consumes a fixed portion θ m (0 <θ m ≤ 1, 1 ≤ m ≤ M ) of the harvested energy for information transmission. Therefore, the average transmission power at themth sensor node can be given by
It is assumed that the noise in the different channels are with the same variance σ 2 . Then, the achievable throughput of themth sensor node in one time slot can be expressed as
where
, h m,H is the channel coefficient from the mth sensor node to the handset, wis the bandwidth occupied by the mth sensor node.
III. FAIR AND EFFICIENT RESOURCE ALLOCATION IN WP-BAN
Ju and Zhang [18] regarded a hybrid access point (H-AP) as a combination of a RF source and an AP, and two observations were made, which are 1) much less energy was received by the nodes far from the H-AP than the nodes near to the H-AP, and 2) the far nodes had to transmit with more power than the near nodes for reliable information reception. The authors termed these two unfairness problems as the doubly near-far problem, which is caused by the difference of the distances from the nodes to the H-AP.
In the considered WP-BAN, all the sensor nodes are implanted in/on a human body. Therefore, the distances from the sensor nodes to a RF source as well as to the handset are almost the same. It seems that the doubly near-far problem is eliminated. However, it should be noted that the unfairness problem is caused substantially by the difference of the channel qualities of sensor nodes. The organs, limbs and clothes of a human body may lead to the great difference in shadowing for the on/in body sensor nodes, which would unavoidably result in the unfairness problem again.
To ease the unfairness problem in the considered WP-BAN, this paper resorts to the theory of marginal utility and aims to achieve a good trade-off between the system efficiency and the per-node fairness.
A. BASICS OF THE THEORY OF MARGINAL UTILITY
The theory of marginal utility is applied to production as well as to consumption in economics. Utility represents the satisfaction experienced by a consumer from consuming a certain amount of commodities, and the marginal utility of a commodity is the change in the utility from an increase in the consumption of that commodity.
Expressed in mathematical formulae, marginal utility is defined as the first derivative of total utility with respect to the amount of consumed commodity. According to the law of diminishing marginal utility, the marginal utility of each homogenous unit decreases as the supply of units increases. In other words, as the rate of commodity acquisition increases, the marginal utility decreases. If commodity consumption continues to rise, marginal utility at some point may fall to zero, reaching maximum total utility.
B. PROBLEM FORMULATION
In the considered WP-BAN, we should first design a utility function for a senor node which can map the amount of the network resource acquired by the sensor node to a QoS satisfaction level. In order to satisfy the axioms of marginal utility stated above, we specifically adopt a logarithmic function as
to derive the utility for the mth sensor node after experiencing a transmission throughput R m . The logarithmic function is a typical utility function that conforms to the law of diminishing marginal utility. The function increases as the throughput increases, but its first derivative (marginal utility) decreases with respect to the throughput. The mathematical expression is presented as follows. The derivative of U (R m ) with respect
is then the marginal utility function. Obviously, U (R m ) is monotonically increasing with respect to R m , since u (R m ) = 1 R m > 0, and the increase of U (R m ) is decreasing since
Next, we can formulate the resource allocation problem among the sensor nodes as to maximize the sum-utility of all the sensor nodes, which is given by
This problem is a centralized problem, as it needs complete CSI, including the information of channel state and transmission power of all the WPT and WIT links. The property of problem (9) is first given by the following Proposition. Then, the algorithm for the AP to calculate the optimal solution is developed in the next section. Proposition 1: Problem (9) is a convex optimization problem.
Proof: It is obvious that the objective function of problem (9) is a strictly concave function, and the first constraint (9.1) is a linear function, thus is convex. VOLUME 7, 2019 As for the second constraint, we can transform (9.2) as
It is worth noting that (10) can be divided into two parts. The first part is denoted by g 1 = R m and the second part is denoted by g 2 = −t m wlog 2 
. It is obvious that g 1 is a linear function thus is convex. So we concentrate on the property of g 2 .
From [23] , it is known that if the Hessian matrix of g 2 is positive semidefinite, then g 2 is convex. By taking the secondorder derivative of g 2 , we can obtain
So, the Hessian matrix of g 2 can be given by
It can be verified that H is a positive semidefinite matrix. So g 2 is convex, and, according to [23] , the sum of g 1 and g 2 , i.e., the second constraint (9.2) is also convex. Therefore, we can draw a conclusion that the constraint set of problem (9) is convex and the objective function is strictly concave. Thus, problem (9) is a convex optimization problem.
IV. SOLUTION TO THE PROPOSED PROBLEM
In this section, we obtain a close form solution for the optimization problem (9) by the dual decomposition method.
The corresponding Lagrangian can be given by
where α and β are nonnegative Lagrangian multiplier of the first and the second constraints of problem (9) respectively, R is the feasible throughput vector and t is the allocated time vectors for the problem. Hence, the dual function is
Substituting (16) into (17), the dual problem can be expressed as min α≥0,β≥0
It can be easily verified that the original optimization problem (9) satisfies Slater's condition [23] , and thus, the dual gap is zero. That is, the optimal solution to the primal problem and that to the dual problem are identical. Therefore, we can recover the optimal solution to the optimization problem (9) by solving the dual problem (18) .
We observed that for a given α and β, the dual function (17) is composed of the throughput vector variable R and the allocated time vector variable t. Thus, the dual function can be decomposed into two maximization subproblems, i.e., the throughput allocation problem:
and he time allocation problem:
t m (20) It is observed that the objective function of problem (19) is concave. Thus, by setting the derivative of the objective function with respect to R m equal to zero, the optimal throughput R * m can be obtained as
Likewise, we set the derivative of the objective function of problem (20) , from (23) we can obtain
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Algorithm 1 Resource Allocation Algorithm
Step 1: All the sensor nodes send their CSI to the handset through Link Manage Channel of Bluetooth. Then the handset transmits both the received and its own CSI to the AP through the control channel of Wi-Fi. Step 3: By solving equation (26), the AP can acquire the unique solution x * .
Step 4: By solving (27) and (28), the AP can determine the optimal WPT time t * 0 and the optimal WIT time for the m th sensor node t * m (1 ≤ m ≤ M ).
Step 5: With the above computation result, the AP can thus allocate the radio resource to the RF sources and the sensor nodes. The AP first trans mits scheduling information back to the RF sources and the handset through corresponding dedicated feedback channel. Then, the handset forwards it back to the sensor nodes also through Link Manage Chan nel of Bluetooth.
where C(C > 0) is a constant. Then, substitute (24) into (22) and (23) and combine them, we have
where A = M m=1 ρ m is a constant. Let x= 1+Ct 0 , we can modify (25) as
Since f (x) = x ln x − x + 1 ≥ 0 and is monotonically increasing with x ≥ 1, there exists a unique solution x * of (26) . Therefore, the optimal time allocation t * 0 can be given by
For maximizing the total throughput, the time slot must be allocated to all the sensor nodes completely, i.e., t 0 + M m=1 t m = T . Thus, combining with (24) and (27), we can obtain
As a summary, the algorithm for the AP to find the optimum allocation scheme in the considered WP-BAN is given in Algorithm 1.
V. SIMULATION RESULTS
In this section, we show the fair and efficient performance of the utility method by using the comparison method adopted by [14] and [15] , which compares the proposed method with the best and the worst methods to see the performance. We provide the simulation results of the proposed sum-utility maximization (SUM) method in the WP-BAN. In addition, the sum-throughput maximization (STM) method [18] and the common-throughput maximization (CTM) method [18] are also simulated for comparison purpose. As implemented in [24] , each simulation results presented below are averaged over 1000 randomly generated channel realization.
As shown in Fig. 1 , the ward is with the length 9m, the width 9m and the height 3m. The RF sources are deployed on the ceiling of the ward. According to the datasheet of Powercast PCC114 Powerharvester Chip [25] , we fix the transmission power of the RF sources P n at 20dBm, and the energy harvesting efficiency ζ m 0.75. For each sensor node, the portion of the harvested energy used for information transmission is θ m = 0.5. The signal bandwidth w is 1MHz, and the noise power at the handset σ 2 is −114dBm. It is assumed that the WPT and WIT links work with the same channel model as in [19] and [26] . The pathloss exponent is set as 3.8, the body shadowing is modeled as a Gauss-distributed random variable with zero mean and variance 14dB, and the small-scale fading is modeled as Rayleigh fading with unit mean.
In the simulation, we assume that four RF sources have been installed on the ceiling of the ward, as shown in Fig. 1 . The coordinates of the RF sources are (3.3m, 3.3m, 3m), (6.6m, 3.3m, 3m), (3.3m, 6.6m, 3m) and (6.6m, 6.6m, 3m) respectively. We also assume that one patient is equipped with K =4 sensor nodes and moves along the diagonal of the ward. Denote the coordinate of the handset on the patient by (xm, ym, zm). Then, the coordinates of the sensor nodes are ((x − 0. 1m, 1m, 1m), (3m, 3m, 1m), (5m, 5m, 1m),  (7m, 7m, 1m), (9m, 9m, 1m) , respectively. In Fig.3 , we show the sum-throughput achieved by all the sensor nodes at different positions. In addition, the throughputs achieved by each sensor node at different positions are also shown in Fig. 4 .
From Fig. 3 , we can observe that the STM method obtains the highest sum-throughput, however, it also leads to the largest throughput gaps among the sensor nodes as shown in Fig.4 . This implies that the STM method achieves the best system efficiency while results in the worst per-node fairness. On the contrary, the CTM method obtains the lowest sum-throughput as shown in Fig. 3 , but it allocates almost the same throughput for the sensor nodes as shown in Fig. 4 . This indicates that the CTM method nearly achieves the absolute fairness for the sensor nodes but loses the most of the system efficiency. As for our proposed SUM method, it can achieve a good tradeoff between the sum-throughput performance and the per-node fairness. The sum-throughput of our method is somewhat greater than that of the CTM method, and the throughput gap between the sensor node with highest throughput and the sensor node with lowest throughput is only about 4/25 of that of the STM method.
Next, we further evaluate the fairness performance of the different methods. To this end, we show the Jain's fairness index for the methods in Fig.5 . The Jain's fairness index is proposed by Jain et al. [27] , which is defined as
where J has a range of
M indicates the worst fairness performance (severely unfair throughput allocation for different sensor nodes) while J = 1 indicates the best fairness performance (identical throughput allocation for different sensor nodes).
From Fig. 5 , we can observe that the fairness index of the STM method is always below 0.4, whereas, the fairness index for the CTM method is nearly 1. As for our proposed SUM method, the fairness index is always above 0.9, which indicates that the SUM method can achieve a good fairness performance that is close to the CTM method but much better than the STM method.
Remark: The reason causing the unfairness problem and the low efficiency problem is the distinction of the channel conditions of the sensor nodes. As for the STM method, most of the system resource is allocated to the sensor node with better channel condition. Oppositely, the CTM method allocates more system resource to the sensor nodes with worse channel condition, which reduce the efficiency of the system. Compared with the STM method and the CTM method, the proposed SUM method achieves a good tradeoff between the fairness and efficiency performances. It is because that the logarithmic utility function is associated with the proportional fairness for the SUM method. The SUM method achieves the proportional fairness, which provides each sensor node the system resource proportional to its marginal utility.
VI. CONCLUSION
This paper proposes a marginal utility theoretic method to allocate the radio resource in wireless powered body area networks. A sum-utility optimization problem with time and throughput constraints is formulated to optimize the resource allocated to the sensor nodes in an efficient and fair manner. Then, by using the dual decomposition method, the optimal solution for the optimization problem is obtained in close form. Simulation results demonstrate that the proposed SUM method can achieve a good trade-off between the efficiency and fairness performances. It performs very closely to CTM method in term of fairness performance, and outperforms CTM method in term of sum-throughput performance.
However, in this paper, we just assume that the radio resource allocation is operated in an ideal scenario where the AP can get the CSI of the WIT and WPT links through feedback channel in real time. It is also assumed that the AP knows the CSI perfectly at the beginning of each time slot. We do not consider the prediction of CSI in this model. Thus, the results we obtain are ideal and perfect, which means they are better than that of the prediction scenario. Therefore, the results in this paper can be seen as an upper boundary. In addition, the prediction is only a projection of the optimal result and thus does not influence the analysis in this paper. Nonetheless, for pursuing the reality of WP-BAN, we will add the prediction of CSI in our future research. DEQIANG CHENG received the B.S., M.S., and Ph.D. degrees in electrical and information engineering from the China University of Mining and Technology, where he is currently a Professor. His research interests include machine learning, video coding, image processing, and pattern recognition. VOLUME 7, 2019 
